Research Highlights: Improving the prediction accuracy represents a popular forest simulation modeling issue, and exploring the optimal maximum entropy (MaxEnt) distribution is a new effective method for improving the diameter distribution model simulation precision to overcome the disadvantages of Weibull. Background and Objectives: The MaxEnt distribution is the closest to the actual distribution under the constraints, which are the main probability density distributions. However, relatively few studies have addressed the optimization of stand diameter distribution based on MaxEnt distribution. The objective of this study was to introduce application of the MaxEnt distribution on modeling and prediction of stand diameter distribution. Materials and Methods: The long-term repeated measurement data sets consisted of 260 diameter frequency distributions from China fir (Cunninghamia lanceolate (Lamb.) Hook) plantations in the southern China Guizhou. The Weibull distribution and the MaxEnt distribution were applied to the fitting of stand diameter distribution, and the modeling and prediction characteristics of Weibull distribution and MaxEnt distribution to stand diameter distribution were compared. Results: Three main conclusions were obtained: (1) MaxEnt distribution presented a more accurate simulation than three-parametric Weibull function; (2) the Chi-square test showed diameter distributions of unknown stands can be well estimated by applying MaxEnt distribution based on the plot similarity index method (PSIM) and Weibull distribution based on the parameter prediction method (PPM); (3) the MaxEnt model can deal with the complex nonlinear relationship and show strong prediction ability when predicting the stand distribution structure. Conclusions: With the increase of sample size, the PSIM has great application prospects in the dynamic prediction system of stand diameter distribution.
Introduction
The study of stand diameter distribution model provides a scientific basis for determining wood types structure, the evaluation of forest resources and scheduling for future silviculture treatment [1] [2] [3] . Commonly, a diameter distribution model is used to provide information on the frequency distribution of tree diameter at breast height (1.3 m) (DBH), an empirical height-diameter relationship is used to estimate the average height per diameter class, and then stand volume can be computed using a tree two-entry volume equation, and the DBH and height [3] .
At present, a variety of probability density distribution functions have been used to describe the stand diameter structure, such as normal distribution, lognormal distribution, beta distribution [4] , Johnson's SB distribution [5] , distribution and Weibull distribution [2, [6] [7] [8] [9] [10] [11] [12] [13] . These distribution functions have demonstrated their respective advantages under different regional conditions and tree types, among which the Weibull distribution function was characterized by great adaptability and flexibility, simple parameter estimation and obvious biological significance of parameters, and has been widely used in the study of stand diameter distribution modelling [14] [15] [16] [17] [18] [19] [20] [21] [22] [23] . The methods widely used to estimate Weibull parameter distribution model have included the moment method, maximum likelihood method, percentiles method and nonlinear regression method [20, [24] [25] [26] , in which the application of nonlinear regression method showed its accuracy and stability [27] . In the dynamic prediction of stand diameter distribution, the main methods have been parameter prediction method (PPM) [27] [28] [29] [30] , parameter recovery method (PRM) [31] [32] [33] and generalized linear model [34] [35] [36] . However, there are some problems when Weibull is used to fit the diameter distribution data, such as the iterated function of the three-parametric Weibull distribution not being easy to converge, and the correlativity between the parameters estimates and the whole stand characteristics becoming weak [37, 38] . Thus, we wish to explore a new diameter distribution model that overcomes the disadvantages of Weibull and has the advantages of high simulation precision.
Maximum entropy (MaxEnt) distribution is one of the most active machine learning methods at present. Maximum entropy theory holds that under the action of no external force, the thing with the maximum entropy is the closest to its real state. Maximum entropy statistical modeling selects the distribution with the maximum entropy from the distribution meeting the conditions as the best distribution maximum entropy model. The prominent advantage of the maximum entropy model is that it can fit the complex response variables composed of multiple function types, and it only needs the distribution data of a small sample to achieve an improved simulation effect [39, 40] . At present, MaxEnt distribution is mainly applied to macroecological patterns, including spatial distributions of individuals within species, abundance distributions across species, and distributions of metabolic rates, however, some studies also have shown that maximum entropy does not universally succeed in predicting macroecological patterns [41] [42] [43] .
Additionally, the problem concerning the diameter distribution model is the distribution of diameter, which means to obtain the frequency distribution histogram or frequency distribution curve of diameter. The content corresponds to the maximum information entropy principle in the study of diameter distribution. When different distribution functions are used to describe the diameter distribution, different information entropy will be obtained. Generally, under the constraint condition, the distribution function with the largest information entropy is closest to the actual distribution. Therefore, the maximum entropy principle is suitable for studying diameter distribution.
The objectives of this study were to explore the application of MaxEnt distribution on modeling and prediction of stand diameter distribution and compare the properties of modeling and prediction for stands diameter distribution between MaxEnt distribution and three-parametric Weibull distribution, using the long-term repeated measurement data sets from China fir (Cunninghamia lanceolata) plantations in southern China Guizhou. It is expected to provide a theoretical basis and technical support for better development of Chinese fir plantation management in Guizhou.
Materials and Methods

Data
Data were obtained from the long-term repeated measurement data sets from China fir plantations in Guizhou Province measured. Each plot area was 0.0667 ha, and the retest covers the sample plot data and sample tree data. The main survey factors of the sample plot data included tree species, origin, average age (AGE), average diameter at breast height (Dg), average tree height (H) and stand density (N); the sample data was the diameter at breast height (DBH) and the volume of individual tree in the corresponding sample plot data. The sample tree was measured after DBH reached 5.0 cm. The diameter classes applied were 2 cm wide, and the number of trees of each diameter class was counted respectively, calculating the cumulative percentage of each diameter class. Additionally, the coefficient of variation (DBH_CV), skewness (DBH_SKEW) and kurtosis (DBH_KURT) of each plot were calculated. The data consisted of 260 measurements, with a 5-year re-measurement interval, obtained in 2005 and 2010. In this study, 130 plots (in 2005) were used in the model development, and another 130 plots (in 2010) for validation. Summary statistics for both data sets are presented in Table 1 . 
Weibull Distribution of Stand Diameter
In this study, Weibull distributions with two and three parameters were selected to simulate the diameter distribution of Chinese fir plantation, and the corresponding distribution function forms are shown in Equations (1) and (2) .
where, x corresponds to the diameter class value of the upper and lower limit intervals of the diameter class; f (x) corresponds to the cumulative percentage of the number of trees of each diameter class; a is the location parameter, referring to the downline of the smallest diameter class of the diameter distribution; b is the scale parameter, b > 0; and c is the shape parameter, c > 0. Based on the distribution function, the formulas of tree number for different diameter classes (3) (4) can be deduced.
where, n i is the number of trees of diameter class i of the stand; N is the number of trees per unit area of the stand, trees·ha-1; U i and L i are the upper and lower limits of diameter class i of the stand. Weibull distribution parameter estimation can be solved by a variety of mathematical methods. The nonlinear regression method in SAS software can seek the optimal solution of model parameters through multiple iterations. This method is selected in this study and Marquardt is chosen as the iterative method.
MaxEnt Distribution of Stand Diameter
The maximum entropy principle is applied to the distribution of stand diameter. The maximum entropy model of stand diameter aims to seek the distribution where entropy reaches the maximum value under certain constraint conditions:
where i is the order number of diameter class, k = 1,2, . . . ,n; n is the number of diameter classes; p i is the tree number probability in the ith diameter class of stand; d i is the diameter class value in the ith diameter class of stand; k is the order number of the origin moments of diameter classes, k = 1,2, . . . m; m is the number of the origin moment of diameter class, and is also the highest order of the origin moment; d i (k) is the number of trees of diameter class i at origin moment k; d k is the expected value of the origin moment k,
The central task of the maximum entropy model is to find out the method of determining p i . Since entropy function S is a concave function, it can be transformed into a convex programming problem with separable variables, according to the duality theory of mathematical programming, and then the global optimal solution of its closed form can be obtained through the standing value condition of the Lagrange function. Under the constraints of Equations (6) and (7) , the maximum of Equation (5) is solved by Lagrange multiplier method. First, the left side of Equation (6) is multiplied by λ k , and the left side of Equation (7) is multiplied by λ−1, and then these resulting expressions are added. Then the sum is subtracted from Equation (5) to obtain Lagrange function, Equation (8) .
The first order partial derivative of p i is obtained by using Lagrange function Equation (8), and when it is equal to zero, Equation (9) , and Equation (10) are obtained. By combining Equations (10), (2) and (3), then Equations (11) and (12) can be obtained. Equation (12) is a system of non-linear equations about λ k , and the numerical method is used to solve λ k . Equation (11) is substituted by λ k to get λ, Equation (10) is substituted by λ k and λ to get p i , and Equation (5) is substituted by p i to get S, thus completing the task of solving p i and S.
where λ, Lagrange multiplier; λ k , k-order moment coefficients.
In the problem of determining the value of m, if the value of m is small, the constraint equations are few and the calculation amount is small, but the constraint conditions described may not be comprehensive enough. If the value of m is large, there are many constraint equations, and the constraint conditions described are relatively comprehensive, but the computational work is large. When m is large enough, its contribution to the accuracy of the description model becomes smaller and smaller. Therefore, exploring the value of m can, not only make the model accurately describe the actual distribution, but also make the calculation amount moderate. Considering that the minimum number of sample diameter class interval in this paper was 6 (MIN (sample size) = 6), the maximum number of model parameters was 5 when fitting. In this paper, the range of m from 1 to 4 was explored. The diameter distribution model corresponding to m = 1 to 4 and its parameters are given in Table 2 . 
The algorithm flow of solving parameters is as follows: Step1, take m = 3 as an example, the corresponding MaxEnt model
, the model is fitted using SAS PROC MODEL (SAS Institute 2010), the estimates coefficients of each plot are λ, λ 1 , λ 2 and λ 3 ;
Step2, taking λ 1 , λ 2 , λ 3 as initial values, the numerical solution of the system of non-linear Equations (13) are solved, the predicted values of the parameters are PREλ 1 , PREλ 2 and PREλ 3 ;
Step3, substitute PREλk (λ 1 , λ 2 and λ 3 ) into Equation (11) to obtain PREλ. Step4, substitute PREλk and PREλ into Equation (10) to get p i prediction formula.
The obtained parameters are substituted into Equation (10), and the theoretical probability value is obtained. In other words, the theoretical probability distribution is obtained. The diameter distribution model is obtained by Chi-squared test of the theoretical distribution.
Dynamic Prediction of Stand Diameter Distribution
In the dynamic prediction of stand diameter distribution in this paper, the Weibull diameter distribution results were predicted by the PPM and the PRM. The MaxEnt diameter distribution used the PPM and the PSIM to realize the prediction of the unknown stand diameter distribution.
When the PPM was applied, two cases were considered: (1) the regression relationship between the parameters and 8 factors including stand characteristic factor (t, D, Dg, H and N) and stand DBH characteristic factor (DBH_KURT, DBH_SKEW and DBH_CV) was established; (2) the regression relationship between the parameters and 5 stand characteristic factors (t, D, Dg, H and N). By stepwise regression analysis, the parameter prediction model was established.
When the PRM was applied, the following two key parts are implemented: First, with the help of key points on the distribution curve, the recovery equation of model parameters was established. The three parameter recovery equations are shown below:
Second, the correlation equation of stand factor and diameter at key points on the distribution curve (recovery model) were established. Relevant studies [44, 45] have shown a power function relationship between the diameter of the key points and Dg, so Equation (15) was used to estimate the diameter of key points in this paper. Therefore, the diameter of the key points was calculated by using the Equation set (14) , and the regression relationship between them and the stand factor was established to form a complete prediction system. If the stand factor is known, the prediction of the diameter distribution of the unknown stand can be realized: (15) where D i refers to the corresponding diameter of the key point i, the three key points are 0.333, 0.9 and the longitudinal coordinates of the inflection point of the equation; D 0.333 D 0.9 and D I are the diameters corresponding to the key points; m and n are the parameters to be estimated.
According to the characteristics of maximum entropy model belonging to the machine learning algorithm, this paper presents a dynamic prediction method of stand diameter distribution by plot similarity index method. The idea is to find a similar sample plot in the fitting data set, match the prediction parameters of the unknown stand diameter distribution, and realize the prediction of the unknown stand diameter distribution. Since skewness and kurtosis can evaluate the shape characteristics of stand diameter distribution, the variation coefficient can indicate the diameter distribution range. Equation (16) was used to calculate the similarity index of two places through these three variables. For each plot in the test data set, put the corresponding value into Equation (16) to calculate the similarity index of plot, and seek the minimum value, and the corresponding plot is the similar plot. In this way, the maximum entropy model parameters of similar plots were used to predict the diameter distribution of stands in the test data: (16) where, PSI represents the similarity index of the diameter class distribution of the two plots; DBH_KURT V , DBH_SKEW V and DBH_CV V represent the kurtosis, skewness and coefficient of variation of a plot in the validation data set; DBH_KURT F , DBH_SKEW F and DBH_CV F represent the kurtosis, skewness and coefficient of variation of a plot in the fit data set.
Comparison of the Models
The application effect of two-parametric and three-parametric Weibull function was examined by comparing the residual sum of square (RSS) and coefficient of determination (R 2 ). The results of maximum entropy model fitting were tested by RSS and mean square error (MSE).
where, y i is the observed value for the ith observation,ŷ i is the predicted value for the ith observation, y i is the mean of the y i , and n the number of observations in the dataset. We used the Chi-squared (χ2) [3, 6, 7, [9] [10] [11] [21] [22] [23] and Fisher's test as goodness-of-fit measures for the diameter distribution estimations that an estimated distribution corresponds to the real distribution. P-values of less than 0.05 were considered statistically significant. According to the total sample size of each plot (n) and the theoretical number of each diameter class (T), the following three situations can be divided [46]:
1.
When T ≥ 5 and n ≥ 40 then Pearson Chi-square was used.
2. When T< 5 but T ≥ 1 and n ≥ 40 then the Chi-square of continuity correction was used.
3.
When T< 1 or n< 40 then Fisher's test was used.
where, d i is the observed diameter class value in the ith diameter class of stand;d i is the estimated diameter class value in the ith diameter class of stand; in accordance with the reliability α = 0.05, if χ 2 < χ 2 0.05 , the distribution status of the current stand data was consistent with the corresponding distribution function.
Using the Wilcoxon's nonparametric ranked sum (or Mann-Whitney-Wilcoxon, MWW) test, we can decide whether the population distributions are identical without assuming that they follow the normal distribution [47] . It is also an effective goodness-of-fit measure for the diameter distribution estimations. A two-sided probability value of less than 0.05 was considered to be statistically significant. The statistical analysis was performed in SAS PROC NPAR1WAY (SAS Institute 2010). Table 3 shows the mathematical characteristics of parameters and statistics for MaxEnt distribution and the Weibull distribution derived from the 130 plot measurements. For Weibull distribution, the estimates of parameters were all greater than 1 (>0), which was identical to the empirical distribution range mentioned in Equations (1) and (2) . The small floating range of parameter a, b or c showed that these parameters were both stable. Although the precision of the two models were both high, the three-parametric Weibull distribution presented a more accurate simulation than the two-parametric Weibull function, in view of RSS and R 2 . For the MaxEnt distribution equation, it can be seen from the RSS and MSE that the fitting results of the two-parameter MaxEnt model (m = 1) and the three-parameter MaxEnt model (m = 2) were poor, and that the fitting results of the four-parameter MaxEnt model (m = 3) and five-parameter MaxEnt model (m = 4) were good. To further evaluate the fitting effect of Weibull distribution and MaxEnt distribution of stand diameter distribution of Chinese fir plantation, the estimated diameter distributions were compared with the observed diameter distributions using χ2 + Fisher's test (p = 0.05) and MWW test in Table 4 . MWW test showed the four equal acceptance rate 100%, which roughly concluded that the observed and estimated diameter class values of each sample plot were not significantly different, and their population distributions were identical without assuming that they followed the normal distribution. As for χ2 + Fisher's test, results indicated that the acceptance rate of the four distribution equations reached 90%, which showed that the simulated stand diameter distribution of Chinese fir plantation was good, and that the MaxEnt distribution was better than the Weibull distribution. The three-parameter Weibull distribution was slightly better than the two-parameter weibull distribution. In the MaxEnt distribution, the four-parameter (m = 3) and five-parameter (m = 4) had the same highest acceptance rate (95.38%). Under the same acceptance rate, a four-parameter maximum entropy distribution model with few parameters was selected. 
Results
Modeling Results of MaxEnt Distribution and Weibull distribution
Analysis of Dynamic Prediction Results of Stand Diameter
Weibull Distribution Prediction Effect of PPM and PRM
Analyzing the relationship between parameters a, b, c and stand factors, the relevant literature [46] has shown that the Pearson coefficient is more convincing when measuring the linear correlation between variables, while the Spearman coefficient is typically used to measure the non-linear correlation between variables. Table 5 shows the Pearson correlation coefficient and the Spearman correlation coefficient of three parameters Weibull and stand factors. Results indicate that parameter a had a significant correlation with stand density (N), skewness (DBH_SKEW) and the coefficient of variation (DBH_CV), and the linear relationship of N was greater than the non-linear relationship. The parameter b was highly correlated with stand age (AGE), average diameter at breast height (Dg), arithmetic mean diameter (D) and stand average height (H), and the nonlinear correlation with Dg and D reached more than 80%. The correlation between parameter c and stand density N was not significant at 0.05 level, but significant for other stand factors. In combination with the above correlation analysis, the power function and logarithm form were used to represent the nonlinear relationship. Taking the complexity (number of variables) and accuracy of the equation into consideration, the parametric prediction model of the Weibull distribution equation with three parameters was obtained by stepwise regression analysis, as shown in Table 6 . On the whole, the parameter prediction method with 8 factors was better than that with 5 factors, mainly because there were many stand factors used in the parameter prediction, and R 2 of the parameter prediction model was larger. However, considering that some of the 8 factors were not easy to master for the unknown stands, the prediction model of 5 factors, which was key to stand growth and commonly used, was selected here, and the prediction effect was good. Table 6 . Parametric prediction models and their prediction effects.
Factor
Parametric Prediction Model Table 7 shows the recovery model and its prediction effect between the diameter and Dg of the three key points. The results show that the recovery model at the key points of 0.333 and 0.9 had good prediction effect, while the prediction effect at the inflection point was slightly worse. Simultaneous parameter recovery equations were established, and the predicted values of Weibull parameters a, b and c were obtained by solve function in MATLAB. Table 7 . Recovery equations and their prediction effects. 
Diameter at Key Point Recovery Equation
MaxEnt Distribution Prediction Effect of PPM and PSIM
The relationship between the MaxEnt model parameters and each stand factor was analyzed. Table 8 showed the Pearson correlation coefficient and Spearman correlation coefficient of the four-parameter MaxEnt model parameters and the stand factor. Four parameters (λ, λ1, λ2 and λ3) had a relatively weak correlation with forest stand factors, parameter λ was significantly correlated with H and DBH_CV, parameter λ1 was correlated in a non-linear way with variation coefficient DBH_CV at 0.1 level, parameter λ2 was non-linear and positive with DBH_KURT and DBH_SKEW at 0.1 level, and parameter λ3 had a negative nonlinear correlation with DBH_KURT and DBH_SKEW at 0.1 level. Through stepwise regression analysis, the parametric prediction models of the four-parameter MaxEnt distribution equations were obtained respectively, as shown in Table 9 . Results indicated that the fitting effect of the MaxEnt distribution parameter prediction model considering 8 factors was worse than that of the 5 factors, and the 8 factors prediction model, which was a little better, was selected in this study. Note: Significant codes: 0 '***' 0.001 '**' 0.01 '*' 0.05 '.' 0.1 ' ' 1 Table 9 . Parametric prediction models and their prediction effects. The dynamic prediction of diameter distribution of MaxEnt stand based on sample plot similarity index method was encapsulated into a macro program in SAS according to its algorithm example (SAS code in Appendix A). Input is the unknown sample plot data which needs to be predicted, and the output is the predicted values of MaxEnt model parameters (λ, λ1, λ2 and λ3).
Factor Parametric Prediction Model
Comparison of Dynamic Prediction Results of Weibull Distribution and MaxEnt Distribution
It was encouraging that MaxEnt distribution was found to have lower RSS and higher acceptance rate than the three-parametric Weibull function (e.g., Tables 3 and 4 ). Data from 130 evaluation subplots provide an opportunity to further analyze and compare the accuracy of the MaxEnt distribution and three-parametric Weibull function. In these calculations, two parameter estimation methods (PPM and PRM) of three-parametric Weibull model and two parameter estimation methods (PPM and PSIM) of four-parameter MaxEnt model were used. The MWW test results for PRM in MaxEnt distribution had a 9.23% acceptance rate, suggesting significant differences between theoretical values and observed values, which come from different populations. Three other dynamic prediction models from the Weibull and MaxEnt distribution showed the population distributions were identical. The acceptance rate of χ2+ Fisher's test for PPM and PRM in Weibull distribution was 53.85% and 26.09%, respectively, and the acceptance rate of χ2 + Fisher's test for PPM and PSIM in MaxEnt distribution was 20.77% and 51.54%, respectively. Overall, for the three-parametric Weibull function, the precision of PPM is far higher than PRM in view of the total R 2 ( Table 10 ). The four-parameter MaxEnt distribution from PSIM both have provided a good fit for all the stands analyzed, and the four-parameter MaxEnt distribution from PPM provided a relatively bad fit. Figure 1 shows both the actual data distribution (histogram), the estimated MaxEnt distribution shapes from PPM (purple dashed line) and PSIM (purple solid line), the estimated Weibull distribution obtained from PPM (blue solid line) and PRM (blue dashed line) for a selection of stands from different planting densities, stand ages and quadratic mean DBH. In general, MaxEnt distribution from PSIM and Weibull distribution from PPM both provided a good fit for all the stands analyzed, and MaxEnt distribution from PPM provided a relatively bad fit. In comparison, MaxEnt distribution from PSIM is more stable than Weibull distribution from PPM, which can be seen from the application of the two distributions to stand A-F. 
Discussion
In the study of stand diameter structure, the probability density function method has played an important role in combination with the general rule of stand diameter structure (the number of trees with medium size accounts for the majority, and the number of trees gradually decreases to the diameter class at both ends). Among the various probability density functions, the most widely used are the normal distribution, Gamma distribution and Weibull distribution. Mathematicians [50, 51] obtained several famous typical distributions in statistics from some common constraints, such as Gaussian distribution (Normal distribution), Gamma distribution and Exponential distribution, and proved that these common distributions in nature are actually special cases of maximum entropy principle. Jaynes proved mathematically that the probability of the maximum entropy prediction is the predominance in all the predictions of random events [51] [52] [53] . In the physical sense, the maximum entropy principle reveals the internal rules of the information system. From the perspective of mathematical model, the maximum entropy principle takes the statistical moment of each diameter Considering that the sample-PSIM relies on the sample size of the fitted data set, the larger the sample size is, the more accurate the prediction of PSIM is. Therefore, the PSIM of MaxEnt distribution has great application prospects in the dynamic prediction system of stand diameter distribution.
In the study of stand diameter structure, the probability density function method has played an important role in combination with the general rule of stand diameter structure (the number of trees with medium size accounts for the majority, and the number of trees gradually decreases to the diameter class at both ends). Among the various probability density functions, the most widely used are the normal distribution, Gamma distribution and Weibull distribution. Mathematicians [48, 49] obtained several famous typical distributions in statistics from some common constraints, such as Gaussian distribution (Normal distribution), Gamma distribution and Exponential distribution, and proved that these common distributions in nature are actually special cases of maximum entropy principle. Jaynes proved mathematically that the probability of the maximum entropy prediction is the predominance in all the predictions of random events [49] [50] [51] . In the physical sense, the maximum entropy principle reveals the internal rules of the information system. From the perspective of mathematical model, the maximum entropy principle takes the statistical moment of each diameter class of known data as the constraint condition to describe the distribution of small sample of diameter structure. Therefore, the maximum entropy principle has a very broad application prospect in the simulation of stand diameter distribution.
In practice, the future values of the probability distribution parameters for the diameter distribution is determined or estimated from stand characteristics (e.g., density, age, and mean tree size). In the study of dynamic prediction of stand diameter structure based on probability distribution, two main methods of PPM and PRM have been applied for predicting these parameters in different tree species and forest types over the last 45 years [18, 52] . However, when the correlation between parameter estimation and the whole stand characteristics was weak, the accuracy of dynamic prediction of stand diameter distribution by these two methods was not high. Machine learning algorithm can well simulate nonlinear relations, and has the characteristics of fault tolerance, self-learning and self-adaptability, so it has obvious advantages in prediction accuracy. In this research area, artificial neural network(ANN)models have been considered as an alternative to traditional tree diameter Weibull distribution models [53] [54] [55] [56] [57] [58] . In this research, MaxEnt which can be regarded as a probability distribution optimization algorithm, has been shown to have potential for solving problems requiring strong nonlinear modeling ability. Compared with PPM, PSIM also has higher prediction accuracy in dynamic prediction of stand diameter distribution.
Conclusions
Based on analysis of the disadvantages of the Weibull function, this study develops a promising distribution function (MaxEnt distribution), which is a new and essential exploration in the study of parametric methods. We conclude that: (1) MaxEnt distribution (R 2 = 0.9538) has a more accurate simulation than the three-parametric Weibull function (R 2 = 0.9231) while modeling diameter distributions of Chinese fir plantations; (2) the goodness-of-fit test showed the diameter distributions of unknown stands can be accurately estimated by applying four-parameter MaxEnt distribution and with regards to modeling precision and theoretical interpretation, PSIM (Table 10 ) may be the most suitable choice due to its good convergence, high precision; (3) with the increase of the fitted sample size, the more accurate the prediction of MaxEnt distribution PSIM is, it has a great application prospect in the dynamic prediction system of stand diameter distribution. 
